Abstract: Prediction of global temperatures and sea level rise (SLR) is important for sustainable development planning of coastal regions of the world and the health and safety of communities living in these regions. In this study, climate change effects on sea level rise is investigated using a dynamic system model (DSM) with time lag on historical input data. A time-invariant (TI-DSM) and time-variant dynamic system model (TV-DSM) with time lag is developed to predict global temperatures and SLR in the 21st century. The proposed model is an extension of the DSM developed by the authors. The proposed model includes the effect of temperature and sea level states of several previous years on the current temperature and sea level over stationary and also moving scale time periods. The optimal time lag period used in the model is determined by minimizing a synthetic performance index comprised of the root mean square error and coefficient of determination which is a measure for the reliability of the predictions. Historical records of global temperature and sea level from 1880 to 2001 are used to calibrate the model. The optimal time lag is determined to be eight years, based on the performance measures. The calibrated model was then used to predict the global temperature and sea levels in the 21st century using a fixed time lag period and moving scale time lag periods. To evaluate the adverse effect of greenhouse gas emissions on SLR, the proposed model was also uncoupled to project the SLR based on global temperatures that are obtained from the Intergovernmental Panel on Climate Change (IPCC) emission scenarios. The projected SLR estimates for the 21st century are presented comparatively with the predictions made in previous studies.
Introduction
Analysis of environmental and human impact of global warming is an important challenge which is studied in the literature, considering several different problems and approaches. One of the potential consequences of global warming is sea level rise (SLR) that may threaten the coastal regions of the world and impact human life. Based on historical records, global sea surface temperatures (SST) have increased by about 0.8 • C over the past 100 years, with seventy five percent of the increase occurring since 1980 [1] . According to the projection of IPCC greenhouse emission scenarios, the global SST is likely to rise further within the range 1.1-6.4 • C depending on the emission scenarios hypothesized to occur during the 21st century [2] [3] [4] . Due to global warming, the global mean sea level has been observed to rise about 15-20 cm in the past century [5, 6] , and it is predicted that this rise will continue in the 21st century [4, 7] . Thus, it is important to predict the global SST change and SLR in the future for sustainable development planning of coastal regions of the world.
The inherent relationship between global SST and SLR is complicated. In recent studies, in an effort to simplify this relationship, empirical and semi-empirical models were proposed to predict global SLR based on temperature change data [8] [9] [10] [11] [12] [13] [14] [15] . These are primarily unidirectional models that use the temperature series data simulated from IPCC greenhouse gas emission scenarios as known inputs to project SLR, although there are some variations to this approach that are reported in the literature [9, 12, 15] . Based on the predictions of these models, the SLR in the 21st century is estimated to be in the range 0.5-2.0 m relative to 1990 levels, which are much higher than IPCC estimates [4] .
As an extension of these approaches, a dynamic system model (DSM) was proposed to predict future SST change and SLR simultaneously [16] . In DSM, the behavior of SST and SLR was described by a pair of coupled ordinary differential equations with two state variables: the sea surface temperature and the sea level. Thus, in the dynamic approach, the sea level change and sea surface temperatures are not independent but they are correlated. This underlying hypothesis is distinctly different from all other empirical models that are used in the literature and explained in more detail in [16] . Later on, a vector-autoregressive (VAR) model that employs the same mathematical form of the discrete DSM approach was also developed in [17] that uses a stochastic cointegration method to describe the relationship between SST and SLR. This model has the same structure as the DSM model used in [16] . Their results also confirm the hypothesis underlying the DSM approach [16] . As stated in [17] , the sea surface air temperatures will adjust to the average temperatures of the upper ocean due to the larger heat capacity of oceans relative to the atmosphere. As a result of this difference in heat capacities, SLR will directly affect the SST. Further, it is also well known that temperature change will affect SLR due to ice sheet melting, steric effects and other hydrologic phenomena. The information on both state variables is already imbedded in the historical data on SST and SLR which can be used to calibrate DSM. In both of these studies, the earth is considered to be a system and the behavior of the system is developed in terms of the two state variables of the system, i.e., SST and sea level. In this approach, the evolution of both states depends on the current state of both states and also on the behavior of the evolution of the system states over time. The resulting model, when calibrated using the historical data, showed that the rate of SLR is proportional to SST and this rise is also a function of the temporal state of the sea level. Similarly, the rate of SST change is a function of the temporal state of the SST and is also affected by the SLR. Unlike previous models, after calibration using the historical data, this model can be used to simultaneously predict both SST and SLR for the next century, which is one of the distinct difference between the DSM model and the previous models used in the literature. Applying this model [16] , the authors have predicted the global SST and SLR in the 21st century. Relative to 1990, the results show an increase in SST of about 1.3 • C with a 90% confidence interval [1.1, 1.5] • C and a SLR of about 42.4 cm with a 90% confidence interval [40.0, 44.8] cm. These predictions are based on the assumption that the system operates under the historical pattern drawn from historical records [16] . The DSM model was later extended to include greenhouse emissions as an external forcing function in the model [18] and a spatial SLR analysis version of the DSM model was also introduced in subsequent studies [19, 20] . In these studies authors argued that this concept is more meaningful than earlier semi-empirical studies since this approach incorporates the inherent two-way interaction that exists between SST and SLR into the model and its predictions.
These empirical models may provide an alternative approach to predict global warming and SLR in the 21st century over physically based models [4, 20] . However, one may notice that the earlier DSM models do not include the time lag impacts of temperature and sea level status on future SLR which is important. In the earlier DSM model and its various applications [16, [18] [19] [20] , a one year time lag was used, whereas environmental systems may respond to changes imposed on them over a time lag period. To address the time lag effect between temperature increase and SLR, a time lag coefficient was introduced to the earlier semi-empirical models as well [9, 12] . This approach overlooks the impact of a series of temperature and sea level status over the previous years on the current temperature and sea level. In this study, we have noticed that, if the impact of SST and sea level status of a series of previous years are considered, the results obtained would be more accurate based on the evaluation of the performance measures that are discussed in this paper. Using this approach, the warming trend and SLR that is predicted with the DSM analysis would be different.
In this study, a time-invariant (TI-DSM) and time-variant (TV-DSM) optimal DSM approach is proposed based on the earlier model proposed in [16] . The model will include the impact of SST and sea levels in previous years on current temperature and SLR. The optimal time lag is determined using the root mean square errors and the coefficients of determination measures for both state variables. The optimal model is used to predict the temperature change and SLR in the 21st century. In order to evaluate the adverse effect of greenhouse gas emissions, a decoupled model is also used and the temperature series data from the six IPCC emission scenarios are used as the model input for temperature and the SLR is predicted based on these scenarios for the 21st century. The results obtained for this case are presented comparatively with earlier results which can be used in inundation studies of coastal regions [19] .
Dynamic Systems Model with Time Lag
In an earlier study, the discrete solution of the DSM was presented using only the previous time values of SST and sea level [16] . In this study, we extend this approach assuming that global SST change and SLR in the future depends on the status of global SST and sea level of several of the previous years. Introducing the time lag concept the DSM can be given as,
where t is time, T(t) is the SST at t, and H(t) is the sea level at t, n is the number of time lags, τ i is the ith time lag where τ i = (i − 1)∆t, ∆t is the time interval and is set as one year for the prediction of yearly SST and sea levels, a j,t , b j,t and c j are time lag coefficients which are time lag period dependent. In this model, SST and sea level are the state variables of the system. The discrete solution of this model can be represented as,
where k is the index of years, n is the specified maximum time lag, T(k) is the global SST in year k, H(k) is the global sea level in year k, a j,k−i is the coefficient associated with global SST at previous year(s) i and reflects the impact of global SST in previous year(s) i on current global SST and sea level, b j,k−i is the coefficient associated with global sea level at previous year(s) i and reflects the impact of the global sea level in previous year(s) i on the current global SST and sea level, c j is a constant and j = 1, 2. In Equation (2) , n prior years is considered to give the equation in a general form. In application, fifteen years are considered and the optimum value of eight years is predicted to give the best results in an optimum sense. We define
and obtain the matrix form of Equation (2) expressed as,
where X(k) is the state vector in year k, A k−i is a (2 × 2) matrix for i = 1, . . . , n, C is a (2 × 1) vector. In this model, the system behavior depends on interaction of global SST and sea level in previous n years. This model is an extension of the DSM that was proposed earlier, or the original DSM is a special case of Equation (4) where n = 1 [16] .
Calibration of DSM with Time Lag
We assume that time series historical data of yearly global SST and sea levels are available and this is denoted as,
where N is the total number of years. In the DSM analysis [16] , the available N-year time series data were used to identify the system coefficients. For that case, the coefficients identified would reflect the dynamic properties of the system on average for the complete dataset. However, it is expected that the SST and sea level predicted in the next year should be associated with the values of the state variables of several previous years. Assuming that the data at previous n years have the most impact on the SST and sea level during the next year, we can use the N-year data to identify the system coefficients for a fixed period time lag analysis, resulting in a time-invariant dynamic system (TI-DSM). The other option can be the following. When new data is added to the historical dataset, we may move the time lag data window forward a year as we drop the data for the first year of the historical time lag data set used earlier and use the new sub-dataset which still includes an N-year time lag data set to identify the new system coefficients for the period of n time lags. In this approach, the time lag period will also be moving forward. In this manner, as time moves forward, we can dynamically identify the new system coefficients, resulting in a time-variant dynamic system (TV-DSM). For generality, assuming that we need to predict the SST and sea level at year k + 1, based on the data from the previous n years, we define,
where Y is a 2 × (N − n) matrix, B is a (N − n) × (2n + 1) matrix, P is 2 × (2n + 1) matrix. Applying least squares method, we can identify the parameters of the n time lag matrix coefficients as,
where the symbolˆindicates the estimates of the corresponding coefficients. Once the system matrices are recognized, we can use Equation (4) to predict the global SST change and SLR using previous n year data as the initial condition (TI-DSM).
As time elapses, new data obtained from measurements will increase. One can utilize this new data to improve system matrices. Assuming that the length of data series used to recognize the system matrices is initially N, we define the length of the complete data window as N. When a new pair of yearly data is collected, we add the new data into the historical series and move the N-year time lag data window forward a year and then repeat the least squares method described above to recognize new system matrices. The system coefficients recognized using this procedure are time dependent, and we identify this system as the time-variant dynamic system (TV-DSM), expressed as,
where A k−i (k) and C(k) are matrices for i = 1, . . . , n and vector for year k. It is important to notice that as we conduct this analysis in the year 2013; currently, there is no new data added to the dataset for 2014 and beyond. Thus, to demonstrate this approach, we will use a synthetic data generation process and add the data predicted for year (k + 1) into our dataset to form the new dataset and move on with our computation sequence as described above. We recognize that, in this case, the predicted data we have added to the dataset is not a measured data and will include modeling errors. Thus, the reader needs to recognize that the results obtained for this case will include the propagation of modeling errors over time which will render the one hundred year predictions less reliable. The synthetic data generation process is included here to demonstrate the time-variant modeling approach that is described in this study. In order to incorporate the modeling and measurement errors, confidence interval theory can be used for reliability analysis [21] . For a given confidence level α, 100 (1 − α) confidence intervals for global SST and SLR for dynamic prediction can be estimated by,
whereT CI (k) andĤ CI (k) represent the 100 (1 − α) confidence intervals of global SST and SLR at the kth year, t denotes the t-distribution, t α,m is the value of t for m degree of freedom and α confidence level, N is the number of historical data used for system recognition, n is the time lag,σ T andσ H are the standard deviations for global SST and SLR, which are estimated in the model calibration, e p is the term accounting for the error propagation in dynamic prediction, given by
X p (i) is a (2n + 1) vector used in prediction, given by,
Determination of Optimal Time Lag
In Equation (2), the maximum time lag n is a variable parameter that needs to be determined by optimization. In building the model, the performance of the proposed model is evaluated using two indexes: the root mean square error (RMSE) and the coefficient of determination (R 2 ). We may combine both performance indexes to determine the optimal maximum time lag. The RMSE is a measure of the differences between values predicted by the model and the actual observations [22] . It is defined as,
where RMSE T and RMSE H are the root mean square errors for temperature and SLR, and T(k) and H(k) are the historical measurements of temperature and SLR at time step k. The coefficient of determination R 2 is a measure of how well future outcomes are likely to be predicted by the model [23] . The R 2 is defined as, 
In statistical definitions, the smaller the RMSE, the better the goodness of fit, while the closer the value of R 2 is to one, the better the linear regression fits the data in comparison to the simple average. In model predictions, one wants the proposed model to generate a smaller RMSE but a larger R 2 .
Optimal maximum time lag n should have the root mean square errors minimized and the coefficients of determination maximized simultaneously. Considering that the magnitudes of SST and SLR are not in the same scale, the following procedure is proposed to determine the optimal time lag n. For a given maximum time lag n, the system matrix can be identified for each time lag and is used to predict the global SST and SLR, and then the RMSE and R 2 for SST and SLR can be calculated. The RMSE and R 2 for each time lag are divided by their maximum values to transfer all RMSE and R 2 to an interval [0, 1], and the optimal maximum time lag n should have a minimum value for the performance index given by
where f * (n * ) is the optimal performance index for the optimal maximum time lag n * , RMSE Tmax , RMSE Hmax , R 2 Tmax and R 2 Hmax are the maximum values of RMSE and R 2 for global SST and SLR, respectively. Equation (16) is a synthetic performance index that reflects the requirements for optimal maximum time lag. In this sense, the model with optimal maximum time lag is identified as the optimal dynamic system time lag model.
Numerical Results and Discussion
In this study, we apply the historical observations on SST and sea level data that was used in [16] to demonstrate the application of the model proposed above. The dataset includes yearly time series data of global mean surface SST and sea levels from 1880 to 2001. We use this dataset to calibrate the system coefficients for fixed period time lag (TI-DSM) and moving period time lag (TV-DSM) approaches introduced above. The calibrated model for both cases is then used to predict global SST and SLR in the 21st century where the synthetic data generation process is used for the TV-DSM approach as discussed above.
Time-Invariant DSM (TI-DSM) Application
The system calibration is based on the historical data on global SST and sea levels relative to 1990. For a given maximum time lag of 15 years, the system matrices for each time lag (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) are identified and the resulting model is used to reconstruct the global SST and SLR. Based on the reconstructed results, the RMSE and R 2 are calculated and optimal maximum time lag is determined using Equation (16) . This analysis resulted in an optimal time lag of eight years, n* = 8. The coefficients for the corresponding system are given in Table 1 for this case. Since none of these coefficients is zero, the results show that the future global SST and sea levels not only depend on their states in the last year, but also are affected by SST and sea level states in previous 8 years.
After calibrating the proposed model, we applied Equation (4) using the recognized matrices to reconstruct global SST and sea levels from 1880 to 2001. In the reconstruction, the eight pairs of historical data before 1888 were used as the initial condition, and the reconstructed results are shown in Figure 1 . In this figure, it is shown that the historical data have a good fit. The 90% confidence intervals for global SST and SLR were estimated from Equation (11) results obtained in [16] , the reconstruction accuracy using this model has been improved. The R 2 s obtained for the reconstruction period, in particular, show a significant increase. This implies that the future predictions for global SST and SLR obtained from this model are likely to have higher accuracy. Table 1 . TI-DSM system matrices and vector recognized for the optimal time lag n * = 8. In order to validate the performance of the model, a 10-fold cross-validation technique is applied to the measured dataset of SST and SLR from 1880 to 2001 [24] . In this cross-validation technique, the dataset is randomly divided into 10 equal subgroups. Of the 10 subgroups, a single subgroup is retained as the validation data for testing the model while the remaining nine subgroups are used to identify the model. This process is repeated 10 times and the resultant parameters of the model are averaged to produce a single estimation. The resulting matrices are given in Table 2 . When compared with Table 1 , the values of the corresponding coefficients are very close to those presented in Table 1 . When we used these matrices to reconstruct the SST and sea levels from 1880 to 2001 relative to 1990 levels, the resulting RMSEs were 0.1118 and 0.7828, and the R 2 was 0.7148 and 0.9773 for SST and SLR, respectively. These values are almost identical to the results obtained from the model identified using the complete dataset from 1880 to 2001. Table 2 . System matrices and vector obtained from 10-fold validation for the optimal time lag n * = 8. The system identified (Table 1) , is used to predict global SST change and SLR in the 21st century relative to 1990 levels. In this prediction, eight pairs of the SST and sea levels from previous years relative to 1990 are taken as the fixed initial condition, and the predicted results over the next millennium are shown in Figure 2 . The SST and sea levels obtained are monotonically rising if the greenhouse gases emissions to the atmosphere follow the pattern observed in the 20th century. According to this scenario, by the end of the 21st century, the SST will reach 1.9 • C with a 90% confidence interval [0.6, 3.2] • C while the sea level will rise to 56.1 cm with a 90% confidence interval [46.9, 65.2] cm. According to IPCC reports, the global SST rise in the year 2100 spans from 1.23 to 5.55 • C relative to 1990 levels [2, 3] . The SST change by the end of 2100, predicted using this model, is close to the best estimate in Scenario B1, in which SST increases about 2 • C with the interval [1.1, 2.9] • C [2, 3] . According to the IPCC Third Assessment Report, over the course of this century, the SLR is predicted to be in the range of 90 mm to 880 mm with a central value of 480 mm [3] . The predicted SLR is within this range and very close to this central value. The 90% confidence intervals estimated from Equation (11) are shown as dashed lines in Figure 2 . It can be seen that the confidence intervals gradually widen as the prediction time moves forward. This reflects the dynamic error propagation in the system and there is more uncertainty in temperature predictions. [2, 3] . According to the IPCC Third Assessment Report, over the course of this century, the SLR is predicted to be in the range of 90 mm to 880 mm with a central value of 480 mm [3] . The predicted SLR is within this range and very close to this central value. The 90% confidence intervals estimated from Equation (11) are shown as dashed lines in Figure 2 . It can be seen that the confidence intervals gradually widen as the prediction time moves forward. This reflects the dynamic error propagation in the system and there is more uncertainty in temperature predictions. 
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Time-Variant DSM (TV-DSM) Application
Using the historical and the predicted results as the synthetic data, a time-variant dynamic system model with optimal eight time lag periods (TV-DSM) was also developed. In this approach, during the system calibration, the length of the original data series selected is 122. Thus, the length of the fixed data window will be chosen as 122. We note here that this is not a necessary condition for the proposed approach. The data window used in the calibration of the system may also be increased as the new data arrives over the years. The fixed data window approach is used here for computational convenience. The matrices Ak−i (k) and C(k) at k with years before 2002 are the same as those in the time-invariant DSM as given in Table 1 . These matrices are then recalculated year by year from year 2002 forward using the moving data window as described above to form a time-variant dynamic system (TV-DSM). The global SST change and SLR in 21st century using the TV-DSM are shown in Figure 3a ,b. The results show that by the end of the 21st century, the SST will reach 2.0 °C with a 90% confidence interval [1.5, 2.5] °C while the sea level will rise to 66.6 cm with a 90% confidence interval [63.2, 69.9] cm. These predictions are much closer to the projections of Scenario B1 [3] . The 90% confidence intervals estimated by Equation (11) are shown as dashed lines in Figure  3 . This is similar to the case of the TI-DSM where the widths of the confidence intervals gradually 
Using the historical and the predicted results as the synthetic data, a time-variant dynamic system model with optimal eight time lag periods (TV-DSM) was also developed. In this approach, during the system calibration, the length of the original data series selected is 122. Thus, the length of the fixed data window will be chosen as 122. We note here that this is not a necessary condition for the proposed approach. The data window used in the calibration of the system may also be increased as the new data arrives over the years. The fixed data window approach is used here for computational convenience. The matrices A k−i (k) and C(k) at k with years before 2002 are the same as those in the time-invariant DSM as given in Table 1 . These matrices are then recalculated year by year from year 2002 forward using the moving data window as described above to form a time-variant dynamic system (TV-DSM). The global SST change and SLR in 21st century using the TV-DSM are shown in Figure 3a ,b. The results show that by the end of the 21st century, the SST will reach 2.0 • C with a 90% confidence interval [1.5, 2.5] • C while the sea level will rise to 66.6 cm with a 90% confidence interval [63.2, 69.9] cm. These predictions are much closer to the projections of Scenario B1 [3] . The 90% confidence intervals estimated by Equation (11) are shown as dashed lines in Figure 3 . This is similar to the case of the TI-DSM where the widths of the confidence intervals gradually increase as prediction time moves forward. When comparing the results shown in Figures 2 and 3 , we may observe two points: (i) the predicted results using the TV-DSM are higher than those obtained using the TI-DSM; and, (ii) the confidence intervals using the TV-DSM are narrower than those obtained using the TI-DSM. These observations indicate that using the TV-DSM and thus new information in system recognition, may improve the prediction reliability although it is synthetic in this application. We must re-emphasize here that the predictions made for this case are based on the synthetic data generation process described earlier.
we may observe two points: (i) the predicted results using the TV-DSM are higher than those obtained using the TI-DSM; and, (ii) the confidence intervals using the TV-DSM are narrower than those obtained using the TI-DSM. These observations indicate that using the TV-DSM and thus new information in system recognition, may improve the prediction reliability although it is synthetic in this application. We must re-emphasize here that the predictions made for this case are based on the synthetic data generation process described earlier. 
Applications Using IPCC Scenarios
The SLR in the 21st century depends on natural and anthropogenic radiative forcing generated by greenhouse gases such as carbon dioxide (CO2) [2] . In order to assess the impact of greenhouse gas emissions on global warming, IPCC have developed six emissions scenarios based on different patterns of economic development, industrial development, and population growth in the future and modeled physical processes [2, 3] . These emission scenarios are labeled A1FI, A1B, A1T, A2, B1 and B2 [2] . Among these scenarios, A1FI and A2 represent the highest emission of greenhouse gases into the atmosphere, A1T and B1 represent the least emissions, and A1B and B2 represent moderate emissions. The IPCC projected the global mean surface temperature dynamic processes from 1990 to 2100 for the six scenarios using the climate models (IPCC, 2007), which are shown in Figure 4 . Accordingly, the temperature increase at the end of the 21st century spans from 2 to 4.5 °C depending on which scenario occurs.
The model given in Equation (2) is proposed to predict global SST change and SLR simultaneously. This model can also be decoupled and used to predict SLR if the global SST rise is known. In order to assess the adverse effect of greenhouse gas emissions on SLR, the global SST rise scenarios of IPCC, as shown in Figure 4 , are chosen as known input data for the temperature and the 
The SLR in the 21st century depends on natural and anthropogenic radiative forcing generated by greenhouse gases such as carbon dioxide (CO 2 ) [2] . In order to assess the impact of greenhouse gas emissions on global warming, IPCC have developed six emissions scenarios based on different patterns of economic development, industrial development, and population growth in the future and modeled physical processes [2, 3] . These emission scenarios are labeled A1FI, A1B, A1T, A2, B1 and B2 [2] . Among these scenarios, A1FI and A2 represent the highest emission of greenhouse gases into the atmosphere, A1T and B1 represent the least emissions, and A1B and B2 represent moderate emissions. The IPCC projected the global mean surface temperature dynamic processes from 1990 to 2100 for the six scenarios using the climate models (IPCC, 2007), which are shown in Figure 4 . Accordingly, the temperature increase at the end of the 21st century spans from 2 to 4.5 • C depending on which scenario occurs.
The model given in Equation (2) is proposed to predict global SST change and SLR simultaneously. This model can also be decoupled and used to predict SLR if the global SST rise is known. In order to assess the adverse effect of greenhouse gas emissions on SLR, the global SST rise scenarios of IPCC, as shown in Figure 4 , are chosen as known input data for the temperature and the SLR is predicted using the second equation of Equation (2) as the decoupled model. The predicted results are shown in Figure 5 . For comparison purposes, the projections from the semi-empirical model [10] are also shown as dashed lines in Figure 5 . It may be seen that both predicted results have similar increasing patterns but the SLR predicted using the TI-DSM is higher than the projections obtained from the semi-empirical model for all scenarios [10] . This reflects the effect of global SST and sea levels for the previous eight years on the current SLR. The 90% confidence intervals estimated from Equation (11) are also shown in Figure 5 . The confidence intervals contain the predictions from the TI-DSM and the semi-empirical model [10] .
model [10] are also shown as dashed lines in Figure 5 . It may be seen that both predicted results have similar increasing patterns but the SLR predicted using the TI-DSM is higher than the projections obtained from the semi-empirical model for all scenarios [10] . This reflects the effect of global SST and sea levels for the previous eight years on the current SLR. The 90% confidence intervals estimated from Equation (11) are also shown in Figure 5 . The confidence intervals contain the predictions from the TI-DSM and the semi-empirical model [10] . For this case, the predicted SLR at the end of 2100 and the 90% confidence intervals are given in Table 3 . Among the IPCC Scenarios, A1FI and A2 show the highest amount of greenhouse gas emissions, resulting in sea levels of 110.2 cm and 92.6 cm on average with 90% confidence intervals of [88. 7, 131.7] cm and [75.9, 109.3] cm. B1 is the most environment-friendly scenario, in which greenhouse gas emissions are close to 1990 levels. Even if this scenario occurs in the 21st century, the temperature would increase by 1.8 °C [2] . As a consequence, the sea level would rise 60.6 cm, to 85.8 cm at the end of 2100 relative to 1990 as predicted in this study. These results further illustrate that reducing greenhouse gas emissions is an extremely urgent task for the world. Table 1 also lists the results from the semi-empirical model [10] . The relative differences for best estimates between the current model and the semi-empirical model are 7.9%, 6.5%, 6.4%, 6.2%, 4.6% and 5.3% for Scenarios A1FI, A1B, A1T, A2, B1 and B2, respectively. The SLR predictions by 2100, using the TI-DSM, range between 60 and 132 cm while the projection of the IPCC is between 18 and 59 cm by 2100 [3] . The projections of the IPCC are widely considered to be an underestimation in the literature [10] . The subsequent studies show that the SLR by 2100 ranges between 50 and 140 cm [10] , 75 and 190 cm [12] , 80 and 200 cm [25] , 80 and 130 cm [13] and 59 and 180 cm [15] . In comparison with these results, the predictions obtained from the TI-DSM are consistent but higher than the results projected from the earlier semi-empirical model studies. Similar analysis may also be performed using the TV-DSM model. For this case, the predicted SLR at the end of 2100 and the 90% confidence intervals are given in Table 4 and the predicted results for this case are shown in Figure 6 . In this case, when the predicted results are used as the synthetic future data, the predictions for SLR are higher than the TI-DSM results. Table 3 . SLR at the end of the 21st century predicted by the TI-DSM for IPCC scenarios. For this case, the predicted SLR at the end of 2100 and the 90% confidence intervals are given in Table 3 . Among the IPCC Scenarios, A1FI and A2 show the highest amount of greenhouse gas emissions, resulting in sea levels of 110.2 cm and 92.6 cm on average with 90% confidence intervals of [88. 7, 131.7] cm and [75.9, 109.3] cm. B1 is the most environment-friendly scenario, in which greenhouse gas emissions are close to 1990 levels. Even if this scenario occurs in the 21st century, the temperature would increase by 1.8 • C [2] . As a consequence, the sea level would rise 60.6 cm, to 85.8 cm at the end of 2100 relative to 1990 as predicted in this study. These results further illustrate that reducing greenhouse gas emissions is an extremely urgent task for the world. Table 1 also lists the results from the semi-empirical model [10] . The relative differences for best estimates between the current model and the semi-empirical model are 7.9%, 6.5%, 6.4%, 6.2%, 4.6% and 5.3% for Scenarios A1FI, A1B, A1T, A2, B1 and B2, respectively. The SLR predictions by 2100, using the TI-DSM, range between 60 and 132 cm while the projection of the IPCC is between 18 and 59 cm by 2100 [3] . The projections of the IPCC are widely considered to be an underestimation in the literature [10] . The subsequent studies show that the SLR by 2100 ranges between 50 and 140 cm [10] , 75 and 190 cm [12] , 80 and 200 cm [25] , 80 and 130 cm [13] and 59 and 180 cm [15] . In comparison with these results, the predictions obtained from the TI-DSM are consistent but higher than the results projected from the earlier semi-empirical model studies. [20, 43] Similar analysis may also be performed using the TV-DSM model. For this case, the predicted SLR at the end of 2100 and the 90% confidence intervals are given in Table 4 and the predicted results for this case are shown in Figure 6 . In this case, when the predicted results are used as the synthetic future data, the predictions for SLR are higher than the TI-DSM results. 
Conclusions
In this study, a DSM approach with time lag is developed to predict global SST change and SLR. In comparison with the empirical or semi-empirical models used in previous studies, this model accounts for the impact of global SST and sea level status from several previous years on the current SST and sea level. The optimal time lag to be used in this analysis is determined using an optimization analysis based on the accuracy of predictions among several time lags. The analysis is presented for constant period time lag and variable period time lag analysis. The resulting DSM obtained reveals the inherent historical relationship between global warming and SLR. This analysis is an extension of the DSM proposed by [16] and provides a simpler but effective alternative to predict global warming and SLR in the 21st century simultaneously. This approach also represents a generalized model for previous semi-empirical models. If one of two state variables is known, the model can be uncoupled to predict the dynamic process of other state variables, as the known state variable is chosen as the input. In this manner, the second equation in the DSM, Equations (1) and (2), can be used to predict SLR when the global temperature is obtained from other approaches, such as the AOGCM models of IPCC studies [3] .
The optimal DSM was calibrated using the historical dataset on SST and sea level from 1880 to 2001 as used in [16] . Considering that the model includes the effect of SST and sea levels in previous years, in model calibration we used the original historical records instead of the 2-year moving averaged data which were used in [16] . The results show that the optimal DSM is the one with the maximum time lag n* = 8. The model predictions yielded RMSEs of 0.11 and 0.80, and R 2 s of 0.71 and 0.98 for global SST and SLR, respectively, in calibration, which shows an improvement when compared with [16] . The optimal DSM was applied to predict global SST and SLR in the 21st century, and the results show that the global SST will reach 1.9 °C with a 90% confidence interval [0.6, 3.2] °C and the sea level will rise to 56.1 cm with a 90% confidence interval [46.9, 65.2] cm by the end of the 21st century relative to 1990. In order to assess the impact of greenhouse gas emissions on SLR, the second equation of the optimal model was used to project the SLR in the 21st century while the temperature rise of six emission scenarios, simulated by IPCC (2001), is used as the model input. For these cases, the resulting SLR at the end of the 21st century ranges from 61 to 132 cm. The prediction is consistent but higher than the predictions made in previous studies [10, 12, 13, 15, 25, 26] . The analysis 
The optimal DSM was calibrated using the historical dataset on SST and sea level from 1880 to 2001 as used in [16] . Considering that the model includes the effect of SST and sea levels in previous years, in model calibration we used the original historical records instead of the 2-year moving averaged data which were used in [16] . The results show that the optimal DSM is the one with the maximum time lag n* = 8. The model predictions yielded RMSEs of 0.11 and 0.80, and R 2 s of 0.71 and 0.98 for global SST and SLR, respectively, in calibration, which shows an improvement when compared with [16] . The optimal DSM was applied to predict global SST and SLR in the 21st century, and the results show that the global SST will reach 1.9 • C with a 90% confidence interval [0.6, 3.2] • C and the sea level will rise to 56.1 cm with a 90% confidence interval [46.9, 65.2] cm by the end of the 21st century relative to 1990. In order to assess the impact of greenhouse gas emissions on SLR, the second equation of the optimal model was used to project the SLR in the 21st century while the temperature rise of six emission scenarios, simulated by IPCC (2001), is used as the model input. For these cases, the resulting SLR at the end of the 21st century ranges from 61 to 132 cm. The prediction is consistent but higher than the predictions made in previous studies [10, 12, 13, 15, 25, 26] . The analysis was performed using both TI-DSM and TV-DSM approaches with similar results obtained for each case with the TV-DSM outcome showing higher estimates. Inundation analysis of coastal regions can be evaluated based on the outcome of these predictions as demonstrated in [20] .
